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Abstract. Principal component analysis (PCA) is a statistical techni-
que to identify the dependency structure of multivariate stochastic obser-
vations. PCA is frequently used in data mining applications. This paper
considers PCA in the context of the emerging network-based computing
environments. It offers a technique to perform PCA from distributed and
heterogeneous data sets with relatively small communication overhead.
The technique is evaluated against different data sets, including a data
set for a web mining application. This approach is likely to facilitate
the development of distributed clustering, associative link analysis, and
other heterogeneous data mining applications that frequently use PCA.

1 Introduction

Representation plays an important role in data analysis and modeling. Principal
component analysis (PCA) offers a technique to construct an adaptive repre-
sentation of the data that exploits its underlying distribution. PCA detects the
dependencies among the features defining the data and constructs a number of
basis vectors (often fewer than the number of features) that can be used to re-
present the data in a compact and efficient manner. PCA is frequently used in
data mining applications [1,2].

PCA involves computation of the dominant eigenvectors of the covariance
matrix generated by the data. There exist several well-known efficient techniques
for performing PCA [3,4]. Most of the established techniques for PCA require
the data set to be centrally located. However, the emergence of network-based
computation has offered a new challenge to the traditional practice of PCA. This
has introduced a new important dimension to the PCA problem — distributed
sources of data. Performing PCA from distributed data tables is of growing im-
portance and it is still an open question. To the best of our knowledge, there does
not exist any technique that can perform distributed PCA from heterogeneous
data sites (i.e. sites with different tables storing data for different features) with
minimal data communication.

This paper offers one solution to this problem—the Collective PCA. It con-
tributes a new technique to the growing body of the Distributed Knowledge
Discovery (DKD) [5,6,7] literature.
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Section 2 presents the Collective PCA (CPCA) algorithm. Section 3 presents
the experimental results. Section 4 concludes this paper.

2 Collective PCA

Let us first consider the CPCA algorithm from an abstract algorithmic perspec-
tive. Let X be the entire relational data set and it is stored in different tables at
different sites. In this paper we shall consider heterogeneous data sites [7] where
different sites observe different sets of features. In particular, each site has data
regarding a particular subset of the n features. For the sake of simplicity we shall
assume that each site has only one table. Let us assume that there are s sites and
X can be partitioned as X = [X1, X2, . . . , Xs], where Xi is a m × ni submatrix
of X that is available at site i. A PCA of this distributed data in a centrali-
zed fashion would involve moving data to one central site and calculating the
eigenvalues/eigenvectors of the covariance matrix X ′X of the global data ma-
trix X. The amount of data to be moved is O(mn), where m is the number of
data samples (rows of the global data table X) and n is the total number of
features (columns of the global data table X). For typically DDM-applications
this amount of data communication is either prohibitive because of the limited
bandwidth or impractical because of logistics and/or security related reasons.

In the CPCA approach, we perform the computations for PCA (to the extent
possible) locally, thereby minimizing the amount of data communication and
the computation at the central site. First we perform a local PCA on the data
partition Xi at site i. Let Ai be the ni × ki matrix whose columns are the ki

eigenvectors corresponding to the ki largest eigenvalues of X ′
iXi. Let

Yi = XiAi (1)

be the principal components computed at site i. The choice of ki will depend on
the eigenvalues of the local covariance X ′

iXi and would be dictated by our error
tolerance. It is a tradeoff between dimensionality reduction and accuracy.

These principal components can be used to obtain a reasonable approxima-
tion to the original data as follows:

X̂i = YiA
′
i (2)

The relative mean-squared error (RMSE) between Xi and X̂i can be expressed
in terms of the eigenvalues of the covariance matrix (Σx) as follows:

E[(Xi − X̂i)(Xi − X̂i)′]
E[XiX ′

i]
=

∑n
j=k+1 λj

∑n
j=1 λj

. (3)

If the eigenvalues of Σx are “spread-out” in the sense that λmax/λmin is large, the
data X maybe represented (with a small RMSE) by a small number of principal
components.

In all our experiments, we chose ki to yield a RMSE of 0.1 (see eq. (3)).
Since the number of rows in large tables (m) is very large, we select a subset of
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c samples (rows) (where c << m), with uniform probability. With some abuse
of notation, we will denote by Yi the c × ki matrix consisting of the principal
components and only c selected samples. The individual Yi and Ai from each
site are then transmitted to a central site. At the central site, a new c × k
data matrix Y is formed by putting together the data from the individual sites
Y = [Y1, Y2, . . . , Ys], where k =

∑s
i=1 ki. The data communication involved here

is O(ck) for the Yi’s and O(
∑

i niki) for the Ai’s (compare with O(mn) for
the centralized PCA case, where c << m and k =

∑s
i=1 ki << n). Typically,

the number of samples c that are selected is much larger than the number of
features ni at site i. Therefore, the overhead involved in transmitting Ai would
be negligible compared to the overall data transmission involved.

At the central site, in principle, we need to reconstruct the original data X
from the Yi’s and Ai’s (see eq. (2)) and perform a PCA based on this recon-
structed data. It follows from eq. (1) that Y is a linear transformation of X with
Y = XA, where A is a block diagonal matrix with matrices A1, . . . , As on the
diagonal. Since the PCA is invariant to linear transformations [8], we can work
with the Y data instead of X. The primary advantage is that we can exploit
the dimensionality reduction already achieved at each of the local sites. Let vi,
i = 1, 2, . . . , p be the eigenvectors, corresponding to the p largest eigenvalues
of the covariance matrix of Y . Then wi = Avi are the required eigenvectors of
the covariance X ′X of the original data X. The following section presents the
experimental results.

3 Experiments with the CPCA

This section presents results of applying the CPCA to two experimental test
suites. The first experimental suite tests the scalability of CPCA to large data
sets. The second suite considers the application of CPCA in a real-life application
scenario.

3.1 Experiment Suite: I

This section tests the overall performance including the scalability of the CPCA.
We used the Quest Synthetic Data Generation Code 1 to generate a data set
with 60,000 observations and 200 features. Although this code generates labeled
data, we did not use the class-label for the unsupervised CPCA approach.

We partitioned the data set into two subsets, each containing 100 features.
We select the set of PCs that gives a RMSE of 0.1. Figure 1(Left) shows two
curves, each representing the variation of the angle (in radian) between a CPCA-
generated dominant principal component and the corresponding principal direc-
tion generated from the centralized data. Note that the angle between two vectors
represents the distance between them and therefore it is a good measure of the
accuracy of the estimated PCs.
1 http : //www.almaden.ibm.com/cs/quest/syndata.html
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Table 1. Size of data set, number of sites, and number of selected local principal
components.

Data No. of rows No. of features No. of sites Total number of
selected local PCs

Quest 60000 200 2 161
Quest 60000 200 10 164

Figure 1(Right) shows similar performance when the data set is distributed
among ten sites. Table 1 shows the size of the global data set and the total
number of selected local principal components from all the sites.

We see from the figures that the CPCA achieves good compression. Suppose
our global data set is m by n, and is distributed among s sites, such that each
site contains ni features. Number of selected local principal component is ki, and
the total number of selected local principal components is k =

∑s
i=1 ki. Usually

k is quite small compared to n. Let us denote the number of sampled rows by
c; for our experiments we chose a value of c such that c < 0.2 ∗ m. The total
communication cost is O(c ∗ k +

∑s
i=1 ni ∗ ki), which is very small compared to

O(m ∗ n), the cost to move the whole data set to one site.

3.2 Experiment Suite: II

In this section we illustrate the technique in the context of a practical applica-
tion scenario. PCA is frequently used for high-dimensional text-analysis appli-
cations. Therefore text analysis should be an ideal candidate for applying the
CPCA. However, in a distributed environment, applications may become more
interesting and challenging when relevant data sets involve text, numeric, and
other non-numeric features. In the following we describe one such case.

Consider the financial news stories regularly posted on the Internet. These
news stories are often very useful for investors, portfolio managers, and others.
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Fig. 1. (Left) Performance of CPCA for the Quest Synthetic data with two data sites.
(Right) Performance of CPCA for the Quest Synthetic data with ten data sites.
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Fig. 2. (Left)Performance of CPCA for the Company Profile data with 3 data sites.
(Right) Dimension compression in case of the Company Profile data.

Typically many of these stories are associated with some companies. Announ-
cements regarding new products, quarterly revenue, legal battles, mergers, and
partnerships of companies often dominate such business news. On the other
hand, there exist many sites in the Internet that offer valuable information about
the background and current financial profile about almost all major companies.
For example Yahoo finance, CNN finance are only a few among many excellent
sources for such information. The web sites of the company itself also provides
quite useful information such as new developments, products, and others.

The experiment performed in this section considers a real-life applications
using three data tables, collected using the information available over the In-
ternet. One table corresponds to news corpora. Each document in this corpora
corresponds to a key. For our application we used a unique code associated with
every company name as the key. A second table is constructed that stores the
financial and background feature values of a company, again indexed by its com-
pany symbol. A third data table is constructed using the data about the sector
the company belongs to. This table is also indexed by the company name. We
considered a data set involving 1,027 companies and the three tables are located
at three different sites. The CPCA technique is applied on this three data sets.
The RMSE threshold is set to 0.1. Table 2(Right) shows the number of features
at each site and corresponding number of chosen PCs. As we see, the CPCA
technique offers a big compression factor. Figure 2(Left) shows two curves, each
representing the variation of the angle between a CPCA-generated dominant
principal component and the corresponding principal direction generated by the
centralized approach. The following section concludes this paper.

4 Conclusions

Distributed data analysis is playing an increasingly important role in knowledge
discovery from multiple databases distributed over a network. The growing popu-
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larity of environments with “thin” computing devices (e.g. wearable computers,
palmtops, and laptops) connected to powerful servers through limited bandwidth
(possibly wireless) networks is aiding the rapid development of distributed data
mining techniques that do not require communication of large amount of data.
PCA is frequently used for high dimensional data mining applications. Develop-
ment of distributed PCA algorithm is therefore important. This paper presen-
ted the collective PCA technique which offers one solution to this problem. The
experimental results demonstrated that the CPCA can be effectively used for
analyzing high dimensional data of large quantity.

We are in the process of applying the CPCA technique for distributed clu-
stering of heterogeneous data. We are also working towards bounding the error
introduced by the approximations used by the CPCA. We believe that this sim-
ple but effective technique will be quite useful in further advancing the practice
of the DKD technology.
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